We use recent daily data and several testing procedures to re-investigate the weak-form efficiency of the Australian stock of the top 50 companies across different industries. Contrary to most prior studies, our results suggest that the Australian market is weak-form efficient with little or no evidence for short-term return predictability.
Introduction
The stock market efficiency hypothesis of Fama (1970) and others is an important milestone for understanding the working of capital markets. Among different types of market efficiencies, the literature classifies a given market as weak-form efficient when current stock prices fully reflect all information contained in past prices, thus preventing investors from gain abnormal returns based on historical market information. There are two groups of procedures for testing weak-form market efficiency. The first group conducts statistical tests to check independence between rates of returns. The second group compares investments which are based on trading rules relative to those that are based on simple buy-and-hold strategies (Reilly and Brown, 2009 ).
Prior studies like Praetz (1969) , Officer (1975) and Gaunt and Gray (2003) have examined the weak-form efficiency of the Australian stock market, but with conflicting results. We revisit this issue using updated data that reflect the recent advances in information and communication technologies that have undoubtedly altered the nature and dynamics of stock trading. Therefore, we offer new evidence on the efficiency of the Australian stock market. Moreover, our results are derived from a multitude of testing procedures (autocorrelation, runs, and filter-rules tests). To foreshadow what follow, all three tests unambiguously suggest that the Australian stock market is weak-form efficient and that short-term returns in this market are unpredictable.
Section 2 reviews the germane literature on testing market efficiency. Section 3 describes the data and its summary statistics. Section 4 discusses the testing methods and the empirical findings. Section 5 concludes.
Literature Review
We briefly review the literature on the weak-form market efficiency tests with emphasis on the Australian market. A large volume of literature has been dedicated to testing the weak-form market efficiency ever since Fama (1970) introduced the concept of market efficiency. Research on testing market efficiency may trace back to Lo and MacKinlay (1988) who report some evidence against the efficiency of the US stock market. Test results in Harvey (1993) also too indicate that stock returns in emerging markets are highly predictable. However, Urritia (1995) suggests that several Latin American stock markets are weak-form efficient, although evidence lacks consistency across different testing procedures.
For the Australian stock market, Praetz (1969) uses the autocorrelation and runs tests to examine returns dependencies finding only a frail indication of return predictability. However, Officer (1975) finds results supporting the presence of large negative or positive autocorrelations in most of lagged stock returns. Brown et al. (1983) as well as Gaunt and Gray (2003) report similar evidence against weak-form efficiency in the Australian market.
In summary, prior empirical studies generally conclude that stock returns in the Australian market are predictable and that the market is not weak-form efficient.
Data and Summary Statistics
Our daily data, sourced from DataStream, are closing stock prices representing the top 50 companies traded on the Australian Stock Exchange (ASX) over the period from January 4, 2000 to December 31, 2012 (3390 observations). The prices are adjusted by dividend distributions, new equity issuances and share buybacks. We select the top 50 companies based on their market capitalization as of December 6, 2012. Table 1 contains detailed descriptions of the companies and their associated industry categories. The daily market return at day t is calculated as:
where , it P is the price of stock i at day t. Table 1 reports the summary statistics of the daily returns on the top 50 Australian stocks. The sample means, standard deviations, medians, minimums, maximums, skewness, kurtosis, Jacaque-Bera statistics, and the first-order autocorrelation coefficients are presented. The median returns for most companies are close to zero, and all are less than 40 basis points. The return distributions for all the companies are nonnormal. The Jarque-Bera statistics for normality are significant at the 1% level, suggesting the rejection of the null hypothesis. Furthermore, the kurtosis for most return series is significantly larger than 3, implying fat-tail distributions. Finally, the firstorder autocorrelation coefficients for most companies are negative with absolute values lower than 0.1.
Testing Strategies and Results
The short-term predictability test examines whether returns in past trading days can predict today's returns. To do that, we use three procedures; namely, the correlation test, the runs test, and filterrules test. We briefly explain below each of these procedures.
The Correlation Test
This test investigates the linear relationship between today's returns with past returns. The testing regression takes the following form:  is the error term. Table 2 presents the correlations estimates between current and past returns (where past returns are yesterday's return, returns two days ago, three days ago, four days ago, five days ago, and ten days ago). For most of the top 50 stocks, column 1 suggests that there is no relationship between today's return and yesterday's return. For example, for the big four banks, ANZ, CBA, NAB, and WBC, yesterdays' return cannot predict today's return at the 5% significance level. However, only for 12 out of these 50 stocks do the correlation coefficients prove significant at the 5% level. However, judged by the low values of the squared correlation coefficients (see Elton et al., 2010) , past returns exhibit very weak power for predicting current returns. Moreover, the correlation coefficients for most of these 12 stocks lose significance at longer horizons. Taken together, results in Table 2 suggest that return the correlations for the top 50 stocks prove feeble at best. Notes: See notes to Table 1 . The ** and * denote statistical significance at the 5% and 10% levels, respectively.
The Runs Test
Some might object to the above correlation test on the grounds that it may be seriously driven by some extreme observations (Elton et al., 2010) . To address this objection, we supplement the above results by using the correlation test which is based on sign changes of prices and can thus remove this outlier noise. Runs test tabulates the number of sequence of consecutive positive (+) and negative (−) returns. For example, a sequence of returns such as + − − − + + + 0 has four runs: a run of one +, a run of three −, and a run of three +, and a run of no change. The actual number of runs is calculated by counting the number of runs in the sequence of returns. The expected number of runs is calculated as:
where N is the number of total returns, N 1 is the number of positive returns, N 2 is the number of no changes in prices, and N 3 is the number of negative returns. Table 3 presents the results. The runs results displayed in Table 3 are for one, four, nine, and sixteen days intervals. As seen in the table, the relationships between today's stock return and yesterday's stock return for the vast majority of stocks are generally weak as the actual number of runs in each case is quite close to the expected number of runs. As Fama (1965) points out, if the number of actual runs is less than the expected number, this implies a positive relationship between the returns. Take GPT for oneday interval as an example. The actual number of runs is 1627, which is less than the expected number of 1644.3, suggesting a positive relationship. Indeed, as shown in Table 1 , the correlation coefficients between today's return and yesterday's return for most companies are very small and most are statistically insignificant at the conventional level.
Therefore, similar to the verdict from the correlation test, the results we obtain from the correlation test indicate that the prices of the top 50 stocks in the Australian market generally follow a random-walk path. Although a few prices appear to divert from this path, the evidence is too weak to support the possibility of gaining trading benefits net of transaction costs. We further discuss this issue below.
The Filter-Rules Test
We devote this sub-section to testing whether a trading rule based on a particular return pattern can be used to gain excess profit. One example of a trading rule is the filter rule pioneered by Alexander (1961) . According to this rule, a stock is purchased when it rises by X% from the previous price and held until its price drops by X% at which the stock will be (short) sold. Another simpler trading rule is the buy-and-hold strategy. Following Fama and Blume (1966) , we compare the performance of the filter rule relative to the buy-and-hold rule for the top 50 Australian stocks. Table 4 reports the results. Notes: See notes to tables 1and 2. "F" denotes returns using the filter rule while "B" denote returns obtained using the buy-and-hold strategy. The percentages X% in the filter rule are alternatively set at 0.5%, 1%, 1.5%, 2%, 2.5%, 3%, 4%, and 5%.The "n/a" denotes that the returns under the strategy is unusually large (compared to others) due to some extreme price movements in the return series.
These results show that for some negatively correlating stocks such as CCL and CFX, the simple buy-and-hold strategy performs better than the filter rule for all filters ranging from 0.5% to 5%. For example, under the filter size of 0.5%, the CCL has a negative return of -0.286 under the filter rule, but a positive return of 0.128 under the buyand-hold rule. Even for some positively correlated stocks (at 1 day lag) the filter rule does not outperform the buy-and-hold strategy. For example, the GPT with the filter size of 0.5% has a negative return under the filter technique but a positive return using the buy-and-hold rule.
In sum, the simple buy-and-hold strategy generally outperforms the filter rule, an outcome pointing again to the random-walk behavior in the Australian stock market.
Conclusion
This paper uses alternative procedures to test the weak-form efficiency hypothesis in the Australian market as represented by the top 50 stocks across different sectors. The results based on daily data from January 2000 to December 2012 indicate that there are no noticeable autocorrelations between the returns in most of the stocks with very limited ability to forecast current short-term returns using past return information. Moreover, simple buy-andhold routines generally outperform the filter-rule trading strategy for most of the Australian stocks. Therefore, results from alternative tests generally suggest that prices of the top 50 Australian stocks behave in a random-walk fashion and that the Australian market is weak-form efficient.
From a practical standpoint, these results imply that investors and fund managers cannot gain abnormal returns in the Australian market from trading strategies based on historical stock prices.
However, from the policy makers' perspective, our evidence of an efficient Australian market could be a testimony for prudent regulations and competent market administrators.
This paper can be extended in several fruitful directions. In particular, our data comprise of the top 50 Australian companies which, given their size and might, generally tend to perform more efficiently relative to small firms. Therefore, it seems useful to investigate the weak-form efficiency in Australia when the market is represented by small and medium size firms. In addition, the linear correlation test may be inappropriate for testing market efficiency since changes in stock prices tend to follow non-linear paths. Non-linear correlation tests such as those discussed in Hinich (1996) may provide interesting insights into the behavior of the Australian market.
